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ABSTRACT
Background: We investigate epidemiological models, their parameters, and the models’ predictive performance of daily new
cases during the first three weeks of the SARS-CoV-2 outbreak in a southwest Georgia hotspot.
Methods: We fit stochastic versions of the classical SIR, a network-based SIR, an SEIR model with two different priors on the
latent period rate parameter, and a simple doubling time model to SARS-CoV-2 patients’ date of hospital admission and length of
symptoms data from the Phoebe Putney Health System.
Results: The estimated basic reproductive numbers, R₀, and 95% Bayesian credible intervals for each of the models were: 1.98
(1.63, 2.45) for the SIR model, 1.99 (1.62, 2.48) for the network-based SIR model, 2.04 (1.64, 2.68) for the SEIR model with
noninformative prior, and 3.37 (2.42, 4.68) for the SEIR model with informative prior. The SIR and network-based SIR models
performed similarly in terms of predicting new cases each day, with median absolute error (MAE) of 3 cases. They had better
predictive performance compared to the SEIR (MAE=13) with noninformative prior and doubling time models (MAE=42). The
SEIR with informative prior on the latent period rate had an MAE of 4.
Conclusions: These results indicate a herd immunity of between 50% and 70% were necessary to prevent further spread. The
simple doubling time model consistently overpredicts daily new cases. Using duration of symptoms data from the severe cases
with SIR-type models led to improved real-time predictions of cumulative daily cases compared to the doubling time and SEIR
model with noninformative prior. The latent period parameter for the SEIR model was not identifiable from the data, but good
predictions were achieved with an informative prior on this parameter using results from the literature.
Keywords: Coronavirus Disease 2019 (COVID-19), Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2),
mathematical modeling, Bayesian statistics
INTRODUCTION
The novel coronavirus, SARS-CoV-2, is the causative agent
of the acute respiratory syndrome coronavirus disease 2019
(COVID-19). The outbreak began in Wuhan, China, with
the first case reported on December 19, 2019, and the first
cluster of cases on December 30, 2019, and it spread across
the globe within just a few months, likely due to
transmission via the nasal route (Wolfel et al., 2020; He et
al., 2020).
The Albany area in southwest Georgia was particularly
devastated early on in the SARS- CoV-2 pandemic. On
April 7th, 2020, 967 persons were hospitalized in Albany,
which had the 4th highest rate of SARS-CoV-2 infection in
the United States at 659 cases per 100,000 persons at that
time. An infected individual who travelled from Atlanta to
attend the first of two funerals was hospitalized at Phoebe
Putney Hospital on February 29. These two events and other
smaller gatherings related to them (family gatherings
before/after the funeral services) with close interactions are
hypothesized to have facilitated the rapid transmission of
the virus. Several common practices surrounding events

which bring large groups of individuals together (usually
many members of the same extended family), namely
weddings, graduations, funerals, and births are likely to
have led to increased transmission in the initial weeks of the
outbreak (Barry, 2020). The purpose of this work was to fit
the stochastic versions of the standard epidemiological
models to the outbreak data from Albany, Georgia: a
susceptible, infectious, removed (SIR) model, a
network-based SIR model, a susceptible, exposed,
infectious, removed (SEIR) model, and a simple
doubling-time model. We used these fitted models to
investigate the epidemiological parameters of the outbreak
and to assess their ability to do real-time predictions of the
new daily cases.
METHODS
This study was approved by the Augusta University
Institutional Review Board (PI: D.F. Linder, IRB#:
1606780-1). The data we used are each patient’s date of
hospital admission and their self-reported length of
symptoms, which we used as a surrogate for duration of
infectiousness, for 206 patients seen at Phoebe Putney

hospital with RT-PCR confirmed SARS-CoV-2 infection
between February 29, 2020 and March 21, 2020. We
investigate the epidemiological properties of SARS-CoV-2
during the first three weeks of the outbreak in southwest
Georgia by fitting stochastic versions of: the SIR model
(Kermack & McKendrick, 1927; Kermack & McKendrick,
1932), a network-based SIR model (Bastian et al., 2020) to
account for contagion spread over a network of nodes, an
(SEIR) model, and a doubling time model.
In the network model, nodes represent individuals in the
community and edges between nodes represent social
connections across which transmission occurs (Jacobsen,
Burch, Tien & Rempała, 2018; KhudaBukhsh, Choi, Kenah
& Rempała, 2020; Kiss, Miller & Simon, 2017). We used
Bayesian models (SIR, network-based SIR, SEIR) with flat
noninformative priors on the transmission and removal rate
parameters and a uniform prior on the initial proportion of
infected on February 29, 2020, for the SIR. For the SEIR
model, we assumed the same priors on the parallel
parameters for the SIR and network-based SIR models. We
considered two different priors on the latent period
parameter, i.e., the transition rate out of the E compartment:
first, a noninformative uniform U(0, 20) prior, and second,
an informative prior which was a truncated normal prior
with mean 4.6 and standard deviation of 0.5 on the
reciprocal of this parameter (Grinsztajn et al., 2021). The
informative prior we assumed on the reciprocal (average
duration in E) is consistent with a meta-analysis showing the
incubation period outside of mainland China for
SARS-CoV-2 was 4.6 days, with 95% CI 4.1-5.1 days
(Cheng et al., 2021). See Table 1 for conceptual definitions
for each model’s parameters and the Appendix for more
details on the models, priors, and assumptions.
Bayesian analysis provides a formal tool for prediction and
uncertainty quantification so that predictions and intervals
around these may be reported. We fit the SIR,
network-based SIR, and SEIR models using the Stan
software’s Hamiltonian Markov chain Monte-Carlo
(MCMC) using four independent chains, each of length
5,000 with random initial starting values and a burn-in of
2,500. We fit the doubling time model via maximum
likelihood estimation using cumulative incidence data and a
Poisson error structure. Further, we compared each model’s
real-time predictive performance to the next day’s
cumulative case count by fitting each model to the data for
days 15-21 of the outbreak, and then we used the fitted
model to predict the cumulative number of cases on the
following day; i.e., on days 16-22. See the Appendix section
A.4 for more details about prediction.
RESULTS
There were 206 confirmed SARS-CoV-2 cases between
February 29, 2020, and March 21, 2020 with the observed
cumulative case counts exhibiting a rapid exponential-like
spread in this initial stage of the outbreak (see Figure 1(d)),
which is consistent with the initial exponential-like growth
characteristics of standard SIR mathematical models. This is
likely due to limited behavioral modification, i.e.,

self-quarantine or social distancing, during the very early
stages, combined with large gatherings mentioned in the
introduction. The mean length of symptoms reported in
these initial cases was 7.2 days (95% CI: (6.42, 7.98)).
The potential scale reduction statistics were all less than
1.01 with effective sample sizes greater than 4,500 for all
parameters, indicating convergence of each chain to the
target distribution (Gelman & Rubin, 1992). The rapid
mixing and convergence to the posterior distribution ensures
inferences based on these combined MCMC samples are
valid.
Parameter estimates for each model are reported in Table 1,
along with each parameter’s corresponding 95% credible
intervals or confidence interval. The doubling time model
gave an estimated exponential growth rate of 0.249,
corresponding to a doubling time of approximately 2.8 days.
This is consistent with the doubling times found in multiple
European countries, which ranged from 2.2 – 4.3 days
(Anderson et al., 2020). The estimated basic reproductive
number R₀ and 95% Bayesian credible interval CrI was 1.98
(1.63, 2.45) for the SIR model and 1.99 (1.62-2.48) for the
network-based SIR model. These estimates are similar to
ones reported in the early stages of the epidemic in China
(R₀~2) from a study of the generation times from 40
infector-infectee pairs combined with published data on the
incubation time and epidemic doubling time (Ferretti et al.,
2020). The SEIR model’s latent period parameter was not
identifiable from this data, under both informative and
noninformative priors. Specifically, both posterior
distributions were approximately the same as the priors for
both analyses. This indicates minimal information content in
the data about the latent period parameter since the prior
beliefs under both the informative and
noninformative priors were not modified by the data. This is
expected, since we do not have data on time spent in the E
compartment for cases. The estimated basic reproductive
number and 95% CrI for the SEIR model with the
noninformative prior was 2.04 (1.64, 2.68) and 3.37
(2.42-4.68) for the SEIR model with an informative prior.
For prediction, we report the posterior mean predictions and
95% prediction intervals in Table 2. The median absolute
deviation of the difference between the predicted new
cumulative daily cases from each of the methods and the
actual observed cumulative cases was 3 for the SIR and
network-based SIR models, 13 for the SEIR model with
noninformative prior, 4 for the SEIR model with
informative prior, and 42 for the doubling time model. The
SEIR model with noninformative prior systematically
underpredicted the cumulative case numbers. Assuming an
informative prior on the latent period parameter
significantly improved the predictive performance of the
SEIR model, which led it to be on par with the SIR models.
The doubling time model systematically overpredicted
cumulative cases. The SIR, network-based SIR, and SEIR
with informative prior gave predictions that were much
closer to the observed data than the other methods. For
example, on Day 18, both the SIR and network-based SIR

models were off by just 1 case, see results in Table 2. For
Day 19, the SEIR model with informative prior was off by
just 1 case, whereas the SEIR (noninformative) was off by

13 cases and the doubling time model overpredicted by 44
cases.

Figure 1
Observed cumulative case counts

Note: Light blue bars located at the date of admission from February 29, 2020 through March 22, 2020 on the x-axis and corresponding height is
the cumulative number of SARS-CoV-2 cases that were admitted by that date on the y-axis. 95% Bayesian credible intervals for predictions for
the different models

Table 1
Posterior means and 95% credible intervals for SIR, network-based SIR, and SEIR model parameters
Model

Parameter

Estimate (95%
CrI)

Conceptual Definition

SIR

ρ

0.009 (0.005, 0.019)

Proportion of initially infected

γ

0.13 (0.12, 0.15)

Removal/Recovery rate

β

0.26 (0.22, 0.32)

Transmission rate

R₀

1.98 (1.63, 2.45)

Basic reproduction number

ρ

0.010 (0.001, 0.013)

Proportion of initially infected

͂γ

0.13 (0.12, 0.15)

Network-based removal/recovery rate, i.e., β+γ+δ

͂β

0.26 (0.21, 0.33)

Network-based transmission rate, i.e., βμ

R₀

1.99 (1.62, 2.48)

Basic reproduction number

ρ

0.010 (0.001, 0.020)
0.009 (0.001, 0.020)

Proportion of initially infected

Network-based SIR

SEIR (informative)
SEIR (noninformative)

α

0.23 (0.18, 0.29)
10.09 (0.71, 19.49)

1/α is the average duration of the latent period

γ

0.13 (0.12, 0.15)
0.13 (0.11, 0.15)

Removal/Recovery rate

β

0.45 (0.32, 0.63)
0.27 (0.22, 0.35)

Transmission rate

R₀

3.37 (2.42, 4.68)
2.04 (1.64, 2.68)

Basic reproduction number

Estimate 95% CI
Doubling time/
exponential growth
model

r

0.249 (0.247, 0.251)

Exponential growth rate. Doubling time is ln(2)/r.

Note: Maximum likelihood estimate and 95% confidence interval for growth rate parameter.

Table 2
Observed and model-based prediction of cumulative cases
Day 16

Day 17

Day 18

Day 19

Day 20

Day 21

Day 22

127

141

159

173

191

207

219

SIR

130
(125, 135)

144
(138, 149)

158
(153, 164)

179
(173, 184)

192
(187, 198)

212
(206, 217)

228
(222, 233)

Network-based SIR

130
(124, 135)

143
(138, 149)

158
(152, 163)

178
(173, 184)

192
(186, 197)

211
(205, 217)

227
(221, 233)

SEIR (informative)

124
(115, 132)

139
(129, 146)

153
(143, 160)

172
(161, 181)

187
(176, 195)

203
(193, 212)

223
(211, 231)

SEIR (noninformative)

115
(114, 119)

128
(127, 132)

142
(141, 148)

160
(159, 166)

174
(173, 177)

192
(191, 196)

208
(207, 212)

Doubling time

161
(160, 162)

177
(176, 178)

194
(193, 195)

217
(216, 218)

233
(232, 234)

255
(254, 256)

274
(273, 275)

Observed
Predictions 95% (CrI/CI)

Note: Simulated real-time predictions based on sensitivity analysis/cross-validation by fitting to data up to the day before and predicting the
following day.

DISCUSSION/CONCLUSIONS
Multiple factors likely contributed to the severity and early
timing of the SARS-CoV-2 outbreak in the Albany, Georgia
area. These include lack of knowledge about this novel virus
in the very early stages of the pandemic, along with
socio-demographics and increased social gatherings. Our
findings have important implications for predicting the
efficacy of interventions. Our results indicate that a herd
immunity of approximately between 50% (from the SIR
models) to 70% (from the SEIR model with informative
prior) would have been required to stop the spread (1-1/R₀)
in a population like the one studied here. Our work has
limitations, a primary one being under-ascertainment of
cases due to limited testing and asymptomatic cases not
being captured, among others. This likely influenced
parameter estimates, specifically the removal/recovery rate
parameter. The more severe hospitalized cases that we had
access to likely had longer durations of symptoms compared
to less severe or asymptomatic cases. Thus, some of the
other parameter estimates for the SIR, network- based SIR,
and SEIR models may have compensated for this
non-representativeness by introducing bias to reconcile
global parameters like R₀. Our analyses of the predictive
performance of the different methods did however indicate
that the SIR, network-based SIR, and SEIR model with
informative prior were more accurate at predicting
cumulative daily cases than a simple doubling time model
that does not incorporate such data. The SEIR model’s latent
period parameter, at least in this example, appeared to be
unidentifiable.
Predictions using the SEIR model with a noninformative
prior on the latent period rate parameter were quite poor but

were markedly improved once an informative prior was
placed on this parameter. Thus, accurate predictions with the
SEIR model using this kind of data will seemingly require
good information on the latent period that can be
encapsulated in an informative prior. We note that such
information will not typically be available during the early
stages of an outbreak. Finally, models that allow for
non-exponential transition times between compartments or
incorporation of phylogenetic data from sequencing may
offer more detailed and accurate modeling and prediction
(Worobey et al., 2020).
In summary, planners trying to allocate resources optimally
during a future outbreak could consider comparing models
that use such data, even with this limitation, to those that do
not, like a doubling time model or variations of it. Such
comparisons may be carried out similarly to what was done
here via cross-validation/sensitivity analysis. The best
performing model(s) may then be chosen and used for more
accurate real-time predictions of the coming case burden to
be expected.
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